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Abstract: Oil pollution is one of the most destructive consequences due to human activities 
in the marine environment. Oil wastes come from many sources and take decades to be 
disposed of. Satellite based remote sensing systems can be implemented into a surveillance 
and monitoring network. In this study, a multi-temporal approach to the oil spill detection 
problem is investigated. Change Detection (CD) analysis was applied to MODIS/Terra and 
Aqua and OLI/Landsat 8 images of several reported oil spill events, characterized by different 
geographic location, sea conditions, source and extension of the spill. Toward the 
development of an automatic detection algorithm, a Change Vector Analysis (CVA) technique 
was implemented to carry out the comparison between the current image of the area of 
interest and a dataset of reference image, statistically analyzed to reduce the sea spectral 
variability between different dates. The proposed approach highlights the optical sensors’ 
capabilities in detecting oil spills at sea. The effectiveness of different sensors’ resolution 
towards the detection of spills of different size, and the relevance of the sensors’ revisiting 
time to track and monitor the evolution of the event is also investigated. 
 
Keywords: Oil spill; MODIS; Landsat 8; change vector analysis; Gulf of Mexico; Refugio; 
Zakynthos  
 
1. Introduction 
The accurate detection of oil spill at sea from optical and radar images, primarily 
consists in the reduction of look-alikes and false positives. Remote sensing of oil slicks at sea 
takes advantage of the image contrast variation between oil and surrounding waters. In radar 
imagery the contrast variation is the result of the dampening of the water surface roughness 
only eventually caused by oil. Surfactant agents (mainly biogenic in nature), water currents 
runoff, rain cells, freshwater slicks and wind patterns can eventually result in oil spill 
look-alikes 
[1—2].
 
Remote sensing satellite platforms have widely demonstrated their capabilities in 
detecting oil spills at sea using visible, infrared, and radar-based techniques 
[3—5]
.  
Although Synthetic Aperture Radar (SAR) systems are, nowadays, the first choice in the 
field of oil spill detection, there are several pitfalls to be accounted for. SAR systems can 
provide all-weather day and night acquisition at high resolution over the area of interest. On 
the other hand, SAR performs poorly in discriminating look-alikes and can be completely 
ineffective outside the optimal wind speed range. The SAR systems operational capabilities 
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are also limited by the low revisiting frequency and, in some cases, the high cost of the data 
[6].
 
Satellite based optical sensors can be successfully employed in detecting and describing 
oil spills. In optical data, oil spills are either characterized by a negative contrast (dark patches 
over the image) or a positive contrast (bright patches over the image) 
[7—9]
: contrast variations 
depends on the observation angle with respect to the relative position of the sun. When the 
angle describing the sensor observation direction, deviates from the condition of specular 
reflection with respect to the sun (sun glint), the higher scattering of the rough sea surface 
surrounding the oil, determines the negative contrast. In case of sun glint condition, the 
oil-dampened surface is the one to appear brighter 
[9]
. The contrast intensity depends not just 
by the angles of illumination and observation, but also by the oil optical properties, oil 
thickness, sea water light absorption and scattering coefficients, state of the sea surface 
(depending mostly by the wind patterns), sea depth and sea bottom conformation 
[10]
.  
Ma et al. 
[11]
 and Lammoglia et al. 
[12]
 defined the spectral signature of oil spills, basing 
their studies on laboratory experiences and theoretical models, with the aim to isolate the 
regions of the electromagnetic spectrum more sensitive to oil spill. Oil in general shows 
higher reflectance than seawater; in coastal zone, however, seawater may show higher 
reflectance than oil because of sediments and suspended materials from land. Zhao et al. 
[13]
 
provides a wide range of oil spectral characteristic from several Arabian Gulf oil spill cases, 
both for sun glint and sun glint-free conditions and in presence of numerous look-alikes. 
According to 
[13—14]
, oil spills in sun glint conditions can also be detected as anomalies in the 
sea surface texture; or else, outside sun glint conditions, detecting techniques can rely only on 
oil spectral characteristics. 
Hu et al. and Zhao et al. 
[13—15]
, largely demonstrated the possibility of successfully 
employing MODIS data to detect oils spills in estuary and coastal areas, through several 
images per week and despite the limitations imposed by the weather conditions. Bulgarelli et 
al. 
[16—17]
, explored the inter–relationship between reflectance and absorption of an oil spill to 
unpolluted sea water, proving the capabilities of MODIS also in oil spill detection 
applications. The presence of sun glint contamination is the most favorable condition in which 
an oil spill can be detected, because the mirror effect of oil on water greatly aids the specular 
reflection. The oil spill detection in MODIS glint-contaminated imagery was investigated by 
[18]
. 
OLI/Landsat 8 optical data are available since 2013; OLI data using VIS/NIR channels 
with high spatial resolution (30 m) and thermal channels (100 m) have been largely employed 
in oil spill detection task and its efficiency has been sufficiently investigated. Oil spill were 
detected in coastal bay using OLI VIS/NIR channels by 
[19—20]
. Oil  film  differs  from  
sea  water  in  thermal  characteristics and  absorption of sun rays energy. Thermal 
infrared channels were employed by 
[21]
 in detecting the Gulf of Mexico oil spill. 
The mono-temporal approach could be ineffective in detecting oil spills: the oil spill 
features might not be easily detected due to 1) the low quality of the image, 2) complexity of 
the oil spill scenario and 3) possible multiple targets (false positive and look-alikes). Oil spill 
detection and discrimination tasks can be effectively and efficiently solved by multi-temporal 
approaches through a Change Detection (CD) framework 
[22]
. Change Vector Analysis (CVA) 
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is a CD technique and a robust approach for detecting and characterizing radiometric change 
in multispectral remote sensing datasets. Radiometric changes are highlighted and 
characterized through the analysis of change within the images multispectral/multitemporal 
domain 
[23]
. The CVA technique has been effectively applied to both MODIS and OLI datasets. 
Land-Cover change detection using multi-temporal MODIS NDVI data was carried out by 
[24]
. 
The possibility of using 250 m MODIS metrics (from 16 days composites) in change vector 
analysis (CVA) to map wetland dynamics in the Linyanti wetland (Namibia) between 2001 
and 2010 was investigated by 
[25]
. Change vector analysis and Fuzzy c-means classification 
(FCM) algorithm were applied to derive shoreline positions as the transition zone between the 
classes water and non-water in shorelines mapping and monitoring applications using OLI 
data by 
[26]
. A perspective to solve the oil spill detection problem using Landsat 8 and HJ-1 
(Huan Jing-1: Environmental Protection & Disaster Monitoring Constellation) imagery 
through CVA analysis is investigated by 
[27]
. In particular, a coarse-to-fine multitemporal 
change analysis procedure is designed to investigate the spectral–temporal variation of change 
targets located in the scenario. 
This study investigates the application of change vector analysis to MODIS and OLI 
Landsat 8 top of atmosphere optical imagery in detecting oil spill at sea. The goal is to 
demonstrate the effectiveness of change detection as a systematic and automatic approach in 
detecting and discriminating oil spills in both multitemporal and multispectral domain. The 
developed methodology is independent from the solar-view geometry and atmospheric 
conditions. 
We accomplished the detection of oil spill from MODIS and Landsat OLI data using 
VIS/NIR channels. For each pixel, we computed the CVA intensity and the CVA direction, 
within the observation period. Both the change vector intensities and the corresponding 
change directions are necessary to interpret the changes occurring at sea and discriminate oil 
spill from look-alikes. MODIS and OLI sensors are characterized by different operational 
capabilities. We highlight 1) the MODIS Terra and Aqua satellites high revisiting frequency 
against 2) the Landsat OLI high resolution. We demonstrated 3) the MODIS capabilities of 
tracking and monitoring an oil spill event over a period and 4) the Landsat OLI capabilities of 
detecting small oil spills and even natural outflows. Three study areas have been selected to 
test the proposed methodology; each one of them is characterized by a well-documented oil 
spill event. The oil spills differ from source, oil quality and thickness, extension and oil-in 
water emulsion.  
 
2. Data and Study Area 
2.1 Study Area 
Three study areas have been used in this investigation. The first area (Figure 1, a) is the 
Gulf of Mexico (US), where the Deepwater Horizon crisis took place in 2010. The oil leak 
was detected on the afternoon of April 22, 2010, when a large oil slick began to spread at the 
former rig site. It flowed for 87 days. It is considered to be the largest marine oil spill in the 
history of petroleum industry with an estimated total discharge of 4.9 million barrels 
[28]
. 
The second area (Figure 1, b) is located immediately north of Refugio State Beach in 
Santa Barbara County, California (US). In May 2015, a corroded pipeline, named Line 901, 
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deposited 3,400 barrels of crude oil into the sea. 
The third area (Figure 1, c) is located off the coast (6 km heading south) of Zakynthos 
island (Greece). This area has been pointed out by 
[29—30]
 to be the location of a natural oil 
outflow, providing natural oil spills during summer every year. 
 
     
 
Figure 1. Study areas: (a) Gulf of Mexico (US); (b) Refugio State Beach, Santa Barbara 
County (US); (c) Zakynthos Island (GR).  
 
2.2 Study Area 
MODIS and OLI Landsat 8 data have been used in this work. MODIS images, bands 1 
(620-670 nm), 2 (841-876 nm), at 250 m spatial resolution, were selected to investigate the oil 
spill in the Gulf of Mexico. The Refugio and Zakynthos oil spills were investigated using OLI 
Landsat 8 images, bands 1(433-453 nm) and 2 (450-515 nm), 4 (636–673 nm), 5 (851–879 
nm), at 30 m spatial resolution. The list of images used to investigate the oil spills is shown in 
Table I; the list of reference images, used to carry out the change detection analysis, is shown 
in Table II.  
The images were preprocessed and converted from DN (Digital Numbers) to reflectance 
TOA (Top Of Atmosphere) values. The refractive index of oil is greater than the one of sea 
water, but there is the possibility of masking the data while performing atmospheric 
correction, as demonstrated by 
[31]
. Therefore, the images were not atmospherically corrected. 
 
Study area Date Sensor Glint Name 
G.M. (US) 25 Apr 2010 MODIS on MYD02QKM.A2010115.1855.061.2018059233544 
G.M. (US) 27 Apr 2010 MODIS off MOD02QKM.A2010117.1705.061.2017254171904 
G.M. (US) 27 Apr 2010 MODIS off MYD02QKM.A2010117.1840.061.2018060013742 
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G.M. (US) 29 Apr 2010 MODIS on MOD02QKM.A2010119.1655.061.2017255001900 
G.M. (US) 09 May 2010 MODIS on MYD02QKM.A2010129.1905.061.2018059224710 
G.M. (US) 17 May 2010 MODIS on MOD02QKM.A2010137.1640.061.2017251223855 
G.M. (US) 25 May 2010 MODIS on MYD02QKM.A2010145.1905.061.2018060053906 
G.M. (US) 27 May 2010 MODIS on MYD02QKM.A2010147.1855.061.2018060085407 
G.M. (US) 04 Jul 2010 MODIS on MOD02QKM.A2010185.1640.061.2017251225037 
R. (US) 30 Aug 2015 OLI off LC08_L1TP_042036_20150830_20170225_01_T1 
Z. (GR) 06 Aug 2017 OLI off LC08_L1TP_184034_20170806_20170813_01_T1 
Z. (GR) 29 Aug 2017 OLI off LC08_L1TP_185034_20170829_20170914_01_T1 
G.M.= Gulf of Mexico; R.=Refugio; Z.=Zakynthos 
Table 1. Datasets 
 
Study area Date Sensor Name 
G.M. (US) 25 Apr 2010 MODIS MOD02QKM.A2006263.1635.061.2017196025514 
G.M. (US) 27 Apr 2010 MODIS MOD02QKM.A2009081.0145.006.2014230210254 
G.M. (US) 30 May 2009 MODIS MOD02QKM.A2009150.1640.061.2017299013020 
R. (US) 11 Oct 2013 OLI LC08_L1TP_042036_20131011_20170308_01_T1 
R. (US) 14 Dec 2013 OLI LC08_L1TP_042036_20131214_20170307_01_T1 
R. (US) 15 Jan 2014 OLI LC08_L1TP_042036_20140115_20170307_01_T1 
Z. (GR) 02 Feb 2016 OLI LC08_L1TP_183034_20160202_20170330_01_T1 
Z. (GR) 24 Jan 2016 OLI LC08_L1TP_184034_20160124_20170330_01_T1 
Z. (GR) 09 Jul 2016 OLI LC08_L1TP_185034_20160709_20170323_01_T1 
G.M.= Gulf of Mexico; R.=Refugio; Z.=Zakynthos 
Table 2. Reference Images 
 
 
3. Methodology 
The proposed methodology is presented below in three separate sections. First, the 
general image processing and data preparation is presented for both MODIS and OLI data. 
Then Change Vector Analysis principles are recalled and the very foundation of CVA based 
features extraction explained. Finally, the CVA is applied to the oil spill detection task; a 
training site is analyzed to highlights the CVA capabilities in discriminating oil spill at sea. 
3.1 Image preprocessing 
Clouds removal and land masking automatic procedures were developed. Errors induced 
by the presence of clouds over the area of interest can be significantly reduced through clouds 
removal. MODIS bands 1, 2, 26 and 31 were selected to be employed into a set of binary tests 
to detect clear sky conditions over the area of interest following the procedure described in 
[32-34]. Landsat 8’s BQA (Band Quality Assessment) image was used as described in [35], to 
remove clouds from OLI data. Cloud contaminated pixels were not restored and were 
considered lost to the oil spill detection following procedure. Sun glint conditions, both over 
MODIS and OLI, data were detected using the Cox & Munk isotropic sun glint model 
[36]
. 
Land masks for MODIS and OLI images, were developed using the NDWI (Normalized 
Difference Water Index) according to 
[37]
. The CD analysis effectiveness is related to the 
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quality of the images taken as base reference. In order to reduce the errors induced by 
reference images variability, a selection of oil free and cloud free images of the study areas 
was acquired and processed over a period of roughly one year. For each study area three 
reference images have been selected: a new reference image was built out of the average of 
the original three. 
3.2 Change Vector Analysis (CVA) 
Change Vector Analysis (CVA) is a multi-temporal and multi-spectral change detection 
technique. Using a change vector, resulting from images comparison over a multi-temporal 
archive, the CVA can characterize changes in the multi-spectral space. CVA is a multi-variate 
technique, which accepts the desired number of bands from the input pairs. The 
multi-dimensional space, in which the CVA operates, is comprised between these bands. 
Multi-spectral remote sensed data are then represented as coordinates of such a vector in the 
multi-dimensional space defined by the selected spectral components. The change vector is 
described by its length (magnitude of the change between the data pairs), and its direction 
(angle of the change) 
[38]
. Once applied to the multi-temporal analysis task, the CVA compares 
the differences in the time-trajectory of biophysical variables or indicators 
[39]
. Let IH be the 
reference image acquired at time t1 (oil and cloud free), and IG the current image, acquired at 
time t2 over the same scenario to investigate a suspected oil spill. The multi-dimensional 
space is defined by the number of bands (n) in the image. For a given pixel, the change vector 
in the n-dimensional space is defined as shown in Equation 1. 
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Where H and G are the image pixel vectors, respectively at time t1 and t2, containing n 
bands.The change magnitude (||ED||) is computed as the Euclidean Distance (ED) between 
vector end-points (Euation. 2) 
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magnitude (Equation 3). 
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An example of a change pixel in a bi-dimensional space is depicted in Fig. 2. Thresholds 
should be determined to discriminate pixels that change from no-change pixels. On the other 
hand, the direction of the change vector facilitates the discrimination among different types of 
change that can possibly occur. 
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Figure 2. Change vector in two bands radiometric space 
3.3 Oil spill detection 
Oil spill detection is carried out by the CVA as a binary recognition task in the 
bi-temporal and multi-spectral domain. The ultimate objective is to isolate anomalies from sea 
background and discriminate oil spills among the possible look-alikes. 
We selected two different sensors to investigate oil spill events that differs by oil type, 
spill overall extension and oil thickness. MODIS data, at 250m spatial resolution, has been 
selected to investigate the potential of high revisiting frequency (1-2 days) multispectral 
imagery in oil spill monitoring applications. Despite the low revisiting frequency (16 days), 
we investigated the effectiveness of OLI data in detecting oil spills of moderate extension and 
thickness (ca. 2,000 barrels).  
According to 
[18,40]
 uncorrected features at 469, 555 and 649 nm are capable to show 
significant indications of oil. At the same time optical imagery in the near-infrared (859 nm) 
proved to be effective in oil spill detection. MODIS band 1 (620-670 nm) and band 2 
(841-876 nm) have been selected for the oil detection task over the Gulf of Mexico. The 
corresponding OLI bands have also been selected to attempt the same detection task, using 
the same technique, over the other two study areas (Refugio beach and Zakynthos). OLI 
sensor is called to investigate two peculiar oil spill events: a leakage and a natural outflow 
both characterized by high degree of oil emulsion with water and reduced spill thickness.  
The OLI higher resolution with respect to MODIS, is necessary to investigate oil spill of 
small dimension but the nature of the spill it should be also taken into account. Switching 
from one sensor to the other just to improve the spatial resolution is not enough to perform the 
detection the task. In these particular case, the OLI bands 1 (433-453 nm) and 2 (450-515 nm) 
have also been called in to take advantage of the reflectance of oil at those wavelengths 
despite the presence of the atmospheric effect 
[40—41]
. The overall procedure workflow is 
presented in Figure 3. Once the image preprocessing is completed, the CVA takes place. The 
analysis is carried out on a pixel base, between each data pair constituted by the current image 
under analysis and the reference image of the area of interest. As result, a change vector is 
released for each pixel. Then, the magnitude and direction of the change vector are retrieved 
and submitted for a binary test. Using the reported oil spill from May 17, 2010 as training site, 
both numerical and angular thresholds have been extracted and employed within the final 
testing of the previously extracted change vector characteristics. A change pixel is recognized 
when the magnitude exceeds the numerical threshold, while the nature of the change is 
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pointed out by the angular direction. If the change direction is comprised within the angular 
range retrieved for oil spill from the training sites, then the pixel is marked as contaminated.  
 
 
Figure 3. Oils spill detection procedure overall workflow 
The MODIS Terra (16:40 UTC) image undergone the CVA analysis, then several 
transects of the oil spill were selected to be analyzed. Figure 4 highlights two transects (A and 
B) of the reported spill, used to empirically assess the numerical thresholds of the detection 
algorithm. Those transects have been selected to comprise a different number of oil-water 
transitions. Transect A is characterized by six oil-water transitions (h, i, l, m, n, o) across the 
spill main body, while transect B is characterized just by two transitions (p, q) across the spill 
tail, which is likely to be the spill’s thinnest section.  
Change vector’s magnitude and direction for both the transect A and B are reported 
respectively in Figure 5 and 6. Each oil-water transition is well marked by the magnitude 
change for both transects. Several minimum values between 0.1-0.3 and maximum values 
between 0.4-0.6 were tested to assess a set of discriminating thresholds: if exceeding the 
threshold minimum value, the pixel is undergoing a change. The nature of the detected change 
is compatible with the presence of oil at sea only if 1) the pixel’s magnitude does not exceed 
the threshold maximum value and 2) the change direction is compatible with oil spill features. 
The settled thresholds have been used in detecting oil spills with both MODIS and Landsat 8 
images. However, the oil spill quality (in terms of spill thickness and oil-water emulsion level) 
reported for Refugio Beach and Zakynthos Island, led us to review (and in particular to lower) 
the detecting thresholds. Oil spill features are related with change vector directions that fall 
within the angular range comprised between 40°- 50° degrees. 
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Figure 4. Transect A-B over the training site; transects details in which the sample line and 
the oil-water transitions are highlighted.   
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Figure 5. Change vector’s magnitude and direction for transect A with the reported oil-water 
transitions. 
 
 
Figure 6. Change vector’s magnitude and direction for transect B with the reported oil-water 
transitions. 
 
4. Results 
To identify the numerical response of oil-water transitions to the CVA analysis, change 
vector profiles along transect A and B were plotted. The visual interpretation of the oil-water 
transitions allows to identify a significant signature of oil in the multi-temporal/multi-spectral 
domain. On these bases, two combinations of change vector’s magnitude and direction values 
were identified to carry out the oil spill detection. Oil spill discrimination was carried out 
using a pixel-based binary test with the aim to (1) identify if the pixel had undergone a change 
in the multi-temporal domain (testing the change vector magnitude); and (2) to ascertain if the 
eventually detected change is related or not to oil spill contamination (testing the change 
vector direction). As it is already mentioned, the shorter wavelengths are more sensitive to oil, 
therefore OLI Landsat 8 data in bands 1 and 2 were preferred to bands 3 and 4 to investigate 
oil spill of limited extension and/or natural outflow.  
Figure 7a-n, presents the classification results for the proposed methodology over the 
selected study areas. The Gulf of Mexico oil spill is a well documented case study: field 
samples were collected during May 7, 2010 by Clark et al. 
[42]
 and the oil spill patches 
detected in Figure 7a-h are in accordance with accurate image interpretation carried out by the 
Skytruth team on MODIS and RADARSAT images 
[43]
. No ground truth was available for the 
remaining areas: the Refugio beach oil spill detection is in accordance with Skytruth reports 
[44]
, while the Zakynthos natural outflow is a well known area largely investigated by 
[29—30]
.  
All the images from the Gulf of Mexico were under sun glint contamination excepting 
the ones from April 27, 2010 (Figure 7, b-c). The images taken from Refugio beach and 
Zakynthos are glint free. The oil spill detection was carried out independently from the sun 
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glint contamination of the area of interest. Then, in the context of the proposed methodology, 
sun glint conditions have not been recognized as a privileged condition of observation. 
The change vectors associated with the oil spill reports are provided by means of polar 
scatter plot in Figure 7 (a1-n1). Each plot represents the change vector’s end position of the 
cloud free pixels at sea over the area of interest. Table III provides a complete overview of 
these results. The MODIS data analysis was carried out using Bands 1 and 2 at 250m spatial 
resolution in both glint free and glint contaminated conditions. The threshold of the change 
vector magnitude is comprised between 0.15-0.5. Threshold values are only slightly risen by 
glint contamination; therefore the previous identification of glint contaminated pixels can be 
used to switch the magnitude threshold towards the proper minimum value to carry out the 
detection task. 
 (a)      (a1) 
 (b)      (b1) 
 (c)      (c1) 
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 (d)      (d1) 
 
 
 (e)      (e1) 
 (f)      (f1) 
 (g)      (g1) 
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 (h)      (h1) 
 
 
 (i)      (i1) 
 (l)      (l1) 
 (m)      (m1) 
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 (n)      (n1) 
 
 
Figure 7. (a) Oil spill detection on April 25, 2010, 18:55 UTC MODIS Aqua; (a1)  change 
vector polar scatter plot related to a; (b) Oil spill detection on April 27, 2010, 17:05 UTC 
MODIS Terra; (b1)  change vector polar scatter plot related to b; (c) Oil spill detection on 
April 27, 2010, 18:40 UTC MODIS Aqua; (c1)  change vector polar scatter plot related to c; 
(d) Oil spill detection on April 29, 2010, 16:55 UTC MODIS Terra; (d1)  change vector 
polar scatter plot related to d; (e) Oil spill detection on May 9, 2010, 19:05 UTC MODIS 
Aqua; (e1)  change vector polar scatter plot related to e; (f) Oil spill detection on May 17, 
2010, 16:40 UTC MODIS Terra; (f1)  change vector polar scatter plot related to f; (g) Oil 
spill detection on May 25, 2010, 19:05 UTC MODIS Aqua; (g1)  change vector polar scatter 
plot related to g; (h) Oil spill detection on May 27, 2010, 18:55 UTC MODIS Aqua; (h1)  
change vector polar scatter plot related to h; (i) Oil spill detection on July 4, 2010, 16:40 UTC 
MODIS Terra; (i1)  change vector polar scatter plot related to i; (l) Oil spill detection on 
August 14, 2015, OLI Landsat 8; (l1)  change vector polar scatter plot related to l; (m) Oil 
spill detection on August 6, 2017, OLI Landsat 8; (m1)  change vector polar scatter plot 
related to m; (n) Oil spill detection on August 29, 2017, OLI Landsat 8; (n1)  change vector 
polar scatter plot related to n.  
 
The change vector direction’s range is comprised between 40°-50° degrees and it does 
not change due to sun glint contamination. 
The OLI data analysis was carried out using bands 1, 2, 4, 5 at 30m spatial resolution in 
glint free conditions; due to the inability to detect oil spill at sea using bands 4 and 5, we 
resolve to switch to the more oil sensible bands 1 and 2. The change vector magnitude’s 
threshold is comprised between 0.04-0.1. Thresholds values are now considerable lower due 
to: (1) the different wavelengths employed during the CVA procedure, (2) the size of the 
observed oil spills, which is now significantly reduced (from an average extension of 75 km 
for the Gulf of Mexico oils spills to an average extension of 5 km for both the Refugio Beach 
and Zakynthos oil spills), and (3) the oil spill quality, which is now characterized by a 
significant oil in water emulsion. Oil spill features are directionally located within the angular 
range comprised between 40° and 50° degrees for both the analysis carried out using 
respectively MODIS and OLI data. The change vector magnitude is influenced by the quality 
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and behavior of the oil, as well as by the geometric conditions of observation. The oil spill 
detection from May 25, 2010 (Figure 7g-g1) represents a peculiar case. The oil spill is located 
at the active front of the delta of Mississippi river. Sediment plumes and subsurface plumes 
had been mixed up with oil in the water column before they reached the shore 
[45—46]
.As a 
result, the section of the spill closest to the shoreline wouldn’t have been detected without 
rising the change magnitude threshold. 
 
Sensor Band Wavelength  Resolution Study area ED θ Result 
MODIS        
 Band 1 620-670 nm 500 m G.M 
G.M 
0.15-0.4 40°-50° Detected 
 Band 2 841-876 nm 500 m 0.15-0.4 40°-50° Detected 
OLI        
 Band 4 630-680 nm 30 m R., Z. 
R., Z. 
0.15-0.4 40°-50° Not Detected 
 Band 5 845-885 nm 30 m 0.15-0.4 40°-50° Not Detected 
 Band 1 433-453 nm 30 m R., Z. 0.04-0.1 40°-50° Detected 
 Band 2 450-515 nm 30 m R., Z. 0.04-0.1 40°-50° Detected 
G.M.= Gulf of Mexico; R.=Refugio; Z.=Zakynthos 
Table 3. Results Overview 
 
5. Conclusions 
A flexible multitemporal and multiplatform semiautomatic procedure for the oil spill 
detection task was presented in this paper. Oil spill systematic features extraction was carried 
out on a pixel based by the means of Change Vector Analysis in a multitemporal domain. The 
proposed methodology has been tested on oil spills of different quality, extension and under 
different geometric observation conditions. The detection procedure does not rely on sun glint 
contamination of the scene in order to carry out the oil discrimination. 
MODIS sensor provides timely data at medium resolution, allowing to track in detail the 
Gulf of Mexico oil spill over a three months period. At the same time MODIS imagery proved, 
as expected, to be ineffective in case of small spills. 
On the other hand, OLI Landsat 8 due to the fine resolution, provides much better results 
than MODIS in detecting small oil spills and natural outflow, although the number of 
available images is considerably lower. 
The results are considered successful and consistent, with a high degree of applicability 
also to Sentinel 2 data. The proposed methodology is a promising approach towards a fully 
automatic and multi-platform oil spill detection system. Further method improvement should 
include: (1) false-positive and look-alike features discrimination improvement; (2) further 
training and validation through the enrichment of the oil spill datasets; (3) engagement and 
testing of Sentinel 2 platform in the oil spill detection task. 
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